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Abstract
Accessibility is one of the major determinants of housing price. To model housing
price, many urban researchers have adopted the method of hedonic analysis.
The main question addressed in this paper is: Are the existing hedonic price
models adequate in capturing the effect of accessibility? In most of these models,
accessibility is represented by rather simplistic measures, such as "distance-to-
CBD" and "distance-to-subcenters". The purpose of this research is to explore
alternative measures of accessibility that are more sophisticated, and to construct
improved hedonic models by incorporating the new measures.
Five models were developed in this research, using a sample of housing
transaction data in the Boston Metropolitan Area. Model 1 uses the traditional
"distance-to-CBD" as the accessibility measure. Model 2 adopts the subcenter
notion of polycentric cities, in which the "distance-to-subcenters" is used in
addition to "distance-to-CBD" in modeling housing price. Model 3 explores the
impact of the "distance-to-the-closest-subcenters" on housing price. Model 4
incorporates a more sophisticated measure of accessibility that includes the
spatial pattern of demand and supply of employment opportunities. Model 5 adds
to the 4th model with distances to subcenters. Regression results indicated that
the model 5, which combines both the "distance-to-subcenters" and the refined
accessibility measure, performed best.
Geographic Information System (GIS) plays an important role in this research.
From data handling and model building, to subcenter identification and distance
calculation, GIS was used intensively. GIS is critical to the success of this
research.
Thesis Supervisor: Qing Shen
Title: Mitsui Assistant Professor of Urban Studies and Planning
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Introduction
1.1 Research Background
Court (1939) and later Griliches (1971) pioneered hedonic analysis techniques to
model housing price with real housing transaction data. Many housing price
models with various identified housing price determinants have been developed
since the 70's following the hedonic approach. Along with other housing price
determinants such as housing attributes and community characteristics,
accessibility has been recognized as having significant impact on housing price.
Earlier monocentric models emphasized on employment accessibility to the
Central Business District (CBD), the only employment center ( Alonso(1 964).
Mills(1 967), and Muth(1 969) ). It is believed that there exists a housing price
gradient from the CBD to the boundary of the metropolitan area. The distance-to-
CBD was used as the accessibility proxy in the hedonic analysis. However, the
emergence of employment subcenters observed in the last few decades in many
metropolitan areas has shown a gradual shift in urban system from monocentric
city to polycentric city. This decentralization trend has undermined the
appropriateness of monocentric city housing price gradient model.
To capture the impact of decentralization in housing price modeling, several
hedonic models (Landsberger and Lidgi, 1978; Romanos, 1977; Greene, 1980;
Getis, 1983, Erickson, 1986; Gordon et al, 1988; Peiser, 1987; Heikkila et al,
1989; McDonald and McMillen, 1990; Waddell et. al, 1993) that take employment
subcenters into consideration were developed since the 1980's. The researchers
selected several employment subcenters in the metropolitan region. Distances
from the housing units to the subcenters were then calculated. The researchers
then incorporated the distance-to-subcenter measurements, along with other
housing attributes and community characteristics, into the hedonic regression
analysis. Finally past housing transaction data were entered into the regression
analysis to estimate the coefficients of the housing price determinants.
However, the distance-to-subcenter measure, though superior to traditional CBD
price gradient model, sheds no light on the reason why proximity to the
subcenters is valued by people. Since the subcenters were often chosen based
on their large employment opportunities, many researchers regarded the
distance-to-subcenter as the employment accessibility measure. The
appropriateness of using distance-to-subcenter as employment accessibility proxy
is questionable for several reasons.
First, even though subcenters represent significant portion of employment
opportunities, there exist many other employment opportunities in areas not
identified as employment subcenters. These employment opportunities are not
captured in these models. Moreover, without considering the number of jobs in
subcenters as well as the number of people in labor force, the "distance-to-
subcenters" considered the employment opportunities in subcenters as public
goods, which is flawed. Furthermore, in additional to job opportunities, subcenters
also offer a wide range of services and amenities. These services and amenities
are also valued by people and thus are believed to have impact on housing price.
These impacts, however, can not be separated from the impact of job
opportunities in the distance-to-subcenter measure. For the above reasons, the
significance of employment accessibility tends to be misrepresented in the
distance-to-subcenter measure in the hedonic housing price analysis.
To accomplish the goal of developing a model that captures the significance of
employment accessibility, this research proposes to incorporate a refined
employment accessibility measure into the hedonic regression analysis.
There has been significant development in the employment accessibility measure
since the Gravity-Type measurement was proposed in 1959 (Hansen, 1959). This
model was further modified by Weibull (1976) and later by Shen (1996) and
myself to incorporate job competition by different modes of transportation. This
employment accessibility measure takes into consideration of every single jobs in
the area, the travel time to these employment opportunities, and also the
competing demand from the area for the jobs.
With the advance in the Geographic Information System (GIS) technology, many
of the data manipulation, computation, spatial analysis, and visualization involved
in this research that were once either labor-intensive or impossible are made
possible today. With the help of GIS, I intend to incorporate this new employment
accessibility measure into the hedonic housing price model in this research, using
Boston as the case under study. This refined employment accessibility measure
provides a potentially better means to evaluate the impact of accessibility on
housing price. It also sheds light on several other research questions that will be
discussed in details in section 1.2.
1.2 Research Questions
This research is intended to explore the answers to the following research
questions:
I. Does proximity to CBD have significant impact on housing price
in Boston Metropolitan Area?
The first part of this research follows the methodology of early monocentric
housing price model which incorporates the distance-to-CBD into the
regression analysis. The regression results will show whether the distance
to Boston CBD does have significant impact on housing price.
2. Does the polycentric model do better than monocentric model in
housing price modeling in Boston MSA? Does the distance-to-
subcenter have significant impact on housing price?
This research will also attempt to adopt the polycentric housing price
model. Prior study has shown that polycentric model does better than
monocentric model in housing price modeling. This research will apply the
model to Boston MSA, which has shown a continuing trend of
decentralization, to explore if polycentric model does perform better than
traditional monocentric model.
3. If the subcenters do have impact on housing price, which
subcenters are they? the closest subcenters? or certain particular
subcenters?
The polycentric model was adopted by earlier researchers on the
assumption that distance-to-subcenter has impact on housing price.
However, in most of the prior studies, distance to "specific" subcenter was
used. For example, the distance to subcenter X was calculated for each
case of housing data and entered into the regression analysis. The
question of whether the distance to the "closest" subcenter has impact on
housing price was left unanswered. This research will also try to
answer this question.
4. Does employment accessibility really matter in housing price?
The traditional distance-to-subcenter measure tends to misrepresent the
employment accessibility. The improved accessibility measure is expected
to better capture the true employment accessibility potential, and thus this
research is expected to shed new light on this well-studied research
question.
5. How do the employment accessibility by driving and by transit
differ in their impact on housing price?
The improved employment accessibility measure is able to calculate
separately the employment accessibility by different transportation modes.
This research will look into the impact of automobile employment
accessibility and public transit employment accessibility on housing price.
6. Do proximity to CBD and proximity to subcenters have impact on
housing price, for reasons other than the employment opportunities
offered by CBD and subcenters?
This research will also try to analyze if there exists housing price gradient
in the CBD and in the subcenters due to factors other than employment, by
incorporating both the distance-to-subcenter measure and the modified
employment accessibility measure into the regression analysis. By doing
so, the impact of employment accessibility on housing price will be
accounted for by the accessibility measure. Thus, the impact of other
attractions in the CBD and subcenters on housing price will be revealed by
the coefficients and t-scores of the distance-to-CBD and the distance-to-
subcenter variables in the regression analysis.
Details on how these research questions are answered are discussed in detail in
Chapter 2 "Literature Review and Model Development" and Chapter 3 "Research
Methodology".
1.3 Thesis Organization
The thesis consists of 5 chapters, as discussed below.
Chapter 1 introduces the background and the purpose of this research. The
research questions, contribution of this research, and the organization of the
thesis are also presented.
Chapter 2 explores theories and earlier studies relevant to this research. The
literature review of the hedonic housing price analysis and employment
accessibility measures are presented. The development of the models adopted in
this research is also discussed.
Chapter 3 brings the attention back to the methodology and the procedure of this
study. The 5 different models that were used in this research are introduced,
followed by the discussion of the methodology and the procedures of hedonic
housing price analysis, subcenter identification, and employment accessibility
calculation.
Chapter 4 presents the modeling results of the 5 hedonic housing models. The
analysis and interpretation of the results are thereafter discussed.
Chapter 5 concludes the thesis with a summary of the findings of this research.
Future research possibilities are also explored.
2
Literature Review and Model Development
Literature review and development of housing price models as well as
accessibility measures are presented in this chapter. In Section 2.1, the housing
price model that employs the hedonic technique is presented and analyzed. The
hedonic technique is used in this research with past housing transaction data to
build the housing price model.
Most of prior hedonic housing price models adopted some kind of accessibility
measures in the regression analysis, as it is generally accepted that housing price
is influenced by the housing location, specifically, the accessibility of the house to
desired locations and amenities. In section 2.2, the evolution of accessibility
measure will be discussed in detail. Special attention is paid to the accessibility of
employment. Different employment accessibility measures are analyzed and
compared. A refined measure that takes employment competition into
consideration is developed and to be included in the hedonic regression analysis.
It is believed that accessibility to employment opportunities has strong influence
on housing price.
2.1 Hedonic Housing Price Model
In housing market, the land and housing are often referred to as completely
product-differentiated because each product sold in the market is unique
(DiPasquale and Wheaton 1996). Purchasing a "product" in this market is viewed
as purchasing a bundle of "attributes" (Lancaster 1966). For example, each
house comes with different lot size, living area, number of bathrooms, number of
bedrooms, structure, age, design of house, neighborhood, pollution, police
protection, and location to employment opportunities, etc.. Each of these
attributes carries certain value, or in other words, price tag. To put it in a very
simple way, the weighted sum of all the "price tags" of the attributes is the market
price of a housing unit (Griliches, 1971).
Due to this "bundle of attributes" characteristics of housing price, a good way to
model housing price would be to determine the value of each of these attributes,
and the sum of these values would be the price of a housing unit. Court (1939)
and later Griliches (1971) pioneered hedonic price analysis techniques to model
housing price using multiple regression analysis with real transaction housing
price as the dependent variable, and housing attributes as the dependent
variables. With regression analysis, the "price tag" of each of the major attributes,
or price determinants, can be estimated with real housing transaction data.
Models can therefore be built to predict and assess housing price based on the
estimated price tags of housing attributes.
There has been enormous interest in empirical hedonic housing price analysis in
the last 2 decades. In his 1982 paper, Miller (1982) classified the housing price
determinants into 5 major categories: physical attributes, location, financial
factors, transaction costs, and inflation. Since there can be millions of factors that
affect the price of a housing unit, these researchers tend to incorporate most of
the known and tested major price determinants, and then focus the research on a
less known price determinant or an improved measure of a known price
determinant.
Among these studies, accessibility has continued to be a major focus of research
interest. Earlier research focused on the employment accessibility, typically
measured by the distance from the house location to CBD. These studies
generally confirmed the existence of price gradient from the CBD out (Alonso
1964, Mills 1972, Muth 1969). In other words, the closer the house to CBD, the
higher the price. However, the emergence of employment subcenters observed in
last few decades in many metropolitan areas has shown a gradual shift of urban
system from monocentric city to polycentric city. Many recent researchers have
incorporated distance-to-subcenter into the hedonic housing price model with
modest success (Landsberger and Lidgi, 1978; Romanos, 1977; Greene, 1980;
Getis, 1983, Erickson, 1986; Gordon et al, 1988; Peiser, 1987; Heikkila et al,
1989; McDonald and McMillen, 1990; Waddell et. al., 1993). Among these
researchers, Heikkila et. al. concluded that the price gradient from the CBD is
statistically insignificant in the case of Los Angeles.
The accessibility measure used in most of these researches are simply the
straight line distance from the location of the house to the CBD. Some
researchers used travel time, instead of "fly" distance, as the proxy of
accessibility (Kain and Quigley 1970; Lapham 1971; Rothenberg et.al., 1991).
Yet some other researchers used a variety of accessibility measures such as
number of block units to the CBD, miles of bus lines or number of stations in a
neighborhood, and straight line distance to employment centers weighted by the
size of each center.
Many of these researchers used the term "employment accessibility" to describe
the straight line distance to these subeenters, as these subcenters are often
identified by their high employment opportunities. This raises the question of what
exactly the "distance-to-subcenter" represents. These centers often offer services
and amenities other than simply employment opportunities. The distance
measure makes no distinction between job opportunities and other services and
amenities, and thus the conclusions of these research that employment
accessibility matters could be questionable.
Another possible loophole in the conclusion that employment accessibility matters
is that even though these employment subcenters represent a large portion of
total employment opportunities in the region, many other local employment
opportunities were not accounted for. And thus the significance of employment
accessibility is misrepresented in the distance-to-subcenter measure. The
conclusion that employment accessibility matters is again questionable.
Yet another potential problem with the distance-to-subcenter measure is that it
does not consider the demand and supply of job opportunities. Some researchers
weighed the distance by the size of the subcenters. However, the weighed
distance considered only the supply side of employment, the demand side of
employment was not taken into consideration. Without considering the demand
side of the employment market, the employment opportunities are implicitly
treated as public goods. Whether the supply side of the employment opportunities
can fully represent the whole employment potential of an area is questionable.
This research is intended to look into this problem by incorporating an
accessibility measure that takes into consideration all job opportunities in the
Metropolitan Area. What is more significant about this accessibility measure is
that it also takes into consideration the employment competition. Details of the
accessibility measure is discussed in section 2.2. This research will try to answer
the research question of whether employment accessibility really matters, and
whether this new measure does better in predicting housing price than the
traditional straight line distance measure.
Given the new accessibility measure, it is now also possible to answer the
research question of whether the distance-to-subcenter still has impact on
housing price after all the employment opportunities have been accounted for by
the new accessibility measure. This can be done by incorporating both the
distance-to-subcenter and the new accessibility measures into hedonic
regression analysis. The statistical significance of the distance-to-subcenter
variable can be an indication of whether the amenities provided in these
subcenters have impact on housing price, and the coefficient will show how large
this impact is.
2.2 Employment Accessibility Measure
The literature review and model development of the employment accessibility
measures that were incorporated into the housing price model are presented in
this section. In section 2.2.1, the traditional Hansen Accessibility measurement is
presented. Section 2.2.2 discusses a refined model that takes into consideration
of both demand and supply of employment opportunities. In section 2.2.3, two
different modes of transportation are incorporated into the refined accessibility
measure. This measure is to be used in the hedonic housing price regression
analysis.
2.2.1 Hansen Type Measures
Accessibility denotes the ease with which spatially distributed opportunities may
be reached from a given location using a particular transportation mode (Morris,
Dumble, and Wigan, 1979). Hansen (1959), among others, developed the first
accessibility measure to quantify accessibility into comparable numeric "scores".
This measure, being widely used today, can be generally expressed as:
A i = I0 f(Cij) ............................................. (2.1 )
where
A = Accessibility for zone i
0 = Number of opportunities in location j
Cj = Travel time, distance, or cost for a trip from zone i to zone j
f(Cij) = The impedance function measuring the spatial separation
between zone i and zone j
i = The zone where the accessibility is being calculatedj = The zone where the opportunities locate
The travel impedance of the above equation can be in many different forms. The
original form is the power function adopted from Newton's Law of Gravity.
Alternative forms of spatial separation impedance include exponential functions
(Wilson, 1971). Exponential function with travel time was adopted in this
research:
1
f( C i) ............................. ( 2.2 )
(0p Cii)
e
where
Cij = Travel time from zone i to zone j
= The parameter for travel impedance,
estimated to be 0.1034 (Shen, 1997) for Boston MSA
Hansen type accessibility measure has been widely adopted as the accessibility
representation. It also has been widely used in urban and transportation planning
(Hutchinson, 1974; Meyer and Miller, 1984; Putman, 1983; Wilson, 1974; Shen,
1997).
However, this accessibility measure has a significant limitation in measuring
accessibility to employment. A closer look of this measure reveals that it only
considers the supply side of employment market. The employment demand, the
number of job seekers, is omitted in the equation. The assumption that
employment demand is irrelevant or insignificant in employment accessibility is
unfounded. This omission may create biased accessibility measurement, which
can be observed in the following example.
The Hansen measure will generate a high accessibility measurement for a zone,
if there are a large number of jobs in the zone. However, if there are many more
job seekers than jobs in the zone, the true employmjent potential should be quite
low. The Hansen measure is not able to capture the significance of job
competition, and thus the score is not meaningful in this example.
To incorporate employment competition into the calculation of accessibility, a
better measure needs to be developed.
2.2.2 Refined Model of Accessibility
A refined accessibility measure was developed by Weibull (1976) and later by
Shen (1997) and myself. To take employment demand into consideration, the
number of job seekers has to be incorporated into the accessibility measure. In
other words, employment supply has to be discounted by employment demand.
To calculate the demand for employment at zone j, the number of people in labor
force of zone k is multiplied with the travel impedance between zone k and zone j.
The summation of all the demand from each zone to the opportunities in zone j is
the total demand for employment for zone j. The demand for employment
opportunity at zone j can be written in the following form:
Dj = k Lk f( Ckj ) ................................................... (2 .3 )
where
Dj = Demand for employment opportunities at zone j
Lk = Labor force in zone k
f(CkJ) = The impedance function measuring the spatial separation
between zone k and zone j
j = The zone where the employment opportunities locate
k = The zone where the labor force locate
Since the true employment accessibility should also reflect the demand for
employment opportunities, the supply of employment should be discounted by the
demand. The demand discounted supply takes the following format:
(Sadj)j = = .............. (2.4 )
Dj Ek Lk f( Ckj )
In the above equation, the job opportunities available in zone j are discounted by
the number of job seekers, which is discounted by the relative travel impedance.
This demand adjusted supply of employment represents the true employment
opportunities of an employment location. To calculate the aggregated
employment accessibility of every zone to zone i, we can substitute the job
opportunities in equation 2.1 with the discounted job opportunity in equation 2.4 to
come up with the refined employment accessibility measure:
O f( Cij)
A4 = Ej ( Sadj)j f( Cij) = j ........... (2.5)
Ik Lk f( Ckj )
The above equation depicts the general employment accessibility measure,
taking employment demand into consideration. However, people go to work by
different transportation modes. Significant difference exist in accessing
employment opportunities by different transportation modes, such as by driving
and by taking public transit, and therefore the employment accessibility measure
should capture this difference.
2.2.3 Refined Employment Accessibility Measure with
Different Transportation Modes
The difference in accessing employment opportunities by different modes lies in
the transportation impedance and auto ownership. The following equation depicts
the refined employment accessibility measure with 2 different transportation
modes, auto and public transit.
0 f( Ci; auto)
Aauto = ... (2.6)
E [(k Lk f( Ckj aut*) + ( 1 - ak) Lk f( Ckj tran
Atran = j O f( C,, ran (
Ai"" =... ( 2.7 )
Ek [ak Lk f( C aut ) + ( k ) Lk f( Ckj tran
where
A auto = Accessibility by automobile for zone i
Ai tran = Accessibility by transit for zone i
f(Cij auto) = The impedance function measuring the spatial
separation by automobile from zone i to zone j
f(Cij tran) = The impedance function measuring the spatial
separation by public transit from zone i to zone j
cXk = Automobile ownership of zone k
In the above set of equations, employment accessibility is being calculated based
on different modes of transportation. On the demand side, the number of
employment opportunities remains the same for both equations. In this research,
travel impedance was calculated based on travel time. It is obvious that the time
needed to travel to work differs in different transportation modes, and therefore
the different travel time should be used in calculating the travel impedance.
On the demand side, the number of employment seekers are further subdivided
into those who drive to work and those who take public transit to work. No matter
what transportation modes the workers use, their demand potential to an
employment opportunity should always be included in the calculating the total
demand potential of the employment opportunity. Therefore the demand side is
the sum of the employment demand by workers using different transportation
modes.
With this accessibility measure of the 2 different transportation modes, it is now
possible to explore the differences in the impact on housing price by the
accessibility of the 2 different transportation modes. Due to the fact that the
majority of US residents drive to work, this research will try to answer the
question of whether the employment accessibility by automobile has greater
impact on housing price than the employment accessibility by public transit.
3
Research Methodology
Research Methodology is presented in this chapter. In section 3.1, the 5 hedonic
models that are developed in this research are presented. Section 3.2 describes
the hedonic analysis method adopted in the 5 models. The derivation and
calculation procedure for the distance-to-CBD/Subcenter and refined
Accessibility Measure are discussed in section 3.3 and 3.4 respectively.
3.1 Housing Price Models
Five housing price models are developed in this research. These models are
used to analyze the characteristics of accessibility in Boston MSA and its impact
on housing price. The different accessibility measures are compared and
analyzed. All of the housing price determinants used in the 5 models are exactly
the same, except for the accessibility measures.
Model 1 follows the early monocentric model, in which it is assumed that the CBD
is the only employment center in the whole metropolitan area. The distance
between the housing unit and the CBD is used as the accessibility measure.
Model 2 follows the more recent polycentric model, in which it is assumed that in
addition to the CBD, there exist major employment subcenters that also have
great impact on housing price. Distance-to-subcenter measures are incorporated
in the hedonic regression analysis to examine if price gradients from these
subcenters exist. This model will show how polycentric Boston MSA is, and will
also reveal if distance-to-CBD still has impact on housing price after
incorporating employment subcenters.
Model 3 modifies the way in which the "distance-to-subcenter" measure is
entered into the hedonic regression analysis. Instead of using the distance from
each house to each specific subcenter (such as Framingham, Newton, Waltham,
etc.), the distance-to-subcenter in terms of proximity (such as the closest
subcenters, the 2nd closest subcenters, etc.) are entered into the regression
analysis. This model is intended to study whether the distance to the closest
subcenter (rather than distance to specific subcenter as in model 2) has impact
on housing price.
Model 4 adopts the "refined employment accessibility measure" discussed in
Chapter 2 as the only accessibility measure in the hedonic housing price model.
A comparison of model 2 and model 4 will indicate whether the "refined
employment accessibility measure" can do better in housing price prediction than
traditional distance measure. In addition, this model reveals the importance and
significance of automobile accessibility and transit accessibility in housing price.
Model 5 incorporates both "distance to subcenter" and "refined employment
accessibility measure" into the hedonic regression analysis. The purpose is to
see whether subcenters have impact on housing price for reasons other than
employment opportunities.
3.2 Hedonic Housing Price Analysis Method
This section will discuss the development and the use of the hedonic housing
price model used in this research. In section 3.2.1, the derivation of the housing
price model used in this research is discussed. The housing price determinants
incorporated in the model are presented in section 3.2.2. The data used to
estimate the impact of accessibility on housing price are described and explained
in section 3.2.3. Finally, the procedures to run the regression is presented in
section 3.2.4.
3.2.1 Model Development
The methodology used in the housing price model development is hedonic
regression analysis method, pioneered by Court (1939) and later Griliches
(1971). In Hedonic analysis techniques, the values of independent components
of a heterogeneous good are determined through multiple regression analysis as
discussed in Chapter 2.
To determine the housing price, the dependent variable in the hedonic
regression analysis, the first thing to do is to identify all the desirable and
undesirable features of the house that are believed to have impact on housing
price. These features will then be taken as the independent variables in the
regression analysis. Market price is generally determined through an ordinary
least square multiple regression model, generally in the form of (Miller, 1982):
Housing Price = a + $1X1 + p2X2 + 03X3 + ......... + pnXn + 6
Where
X1, X2 , .... . . . . . Xn are the housing and locational features that
affect housing price
a is the housing price intercept
$1, 02, ......... on are the estimated regression coefficients
s is the error of the estimate.
The above regression equation assumes linear correlation between independent
variables and dependent variables. Even though linear hedonic equations are
frequently used in research and property valuation, they do have the unrealistic
assumption that each additional unit of the housing and locational features will
add exactly the same additional value to the housing price (DiPasquale and
Wheaton, 1996). Due to the law of "diminishing marginal utility", each additional
unit of the features should add lesser value to the house than the previous unit.
For example, a household may be willing to pay extra $50,000 to bring up the
number of bathrooms from 2 to 3, they may only be willing to pay an additional
$30,000 to have 4 bathrooms instead of only 3. This signifies the fact that, in
reality, the assumed linear relationship between housing price and housing price
determinants is incorrect.
To capture the law of diminishing marginal utility, a modified regression equation
that takes exponential form on the independent variables has been used by
many researchers. The following regression equation has "proved superior to
linear regression equation" (Miller, 1982; Halvorsen and Pollakowski, 1981):
Housing Price = a X10' X2s2 X3  .. . . .. . .. + 
To statistically estimate the parameters in the above equation, we can transform
the above equation into a linear equation by taking logarithm on both sides:
Log ( Housing Price) = Log a + 1 log X1 + p2 log X2 + ......... + On log Xn
To estimate the coefficients of X1, X2, ... Xn, market value of houses should be
entered into the regression analysis. Since "market value" of houses is not known
unless a transaction happens, the best data to be entered into the regression
analysis is the actual housing transaction data. In this research, 1064 cases of
1990 single family house transaction data were sought and entered in the
regression equation to estimate the coefficients.
Housing Price Determinants
Many important housing price determinants have been identified in prior studies.
In his 1982 paper, Miller summarized prior research results and concluded that
the physical attributes of housing units, along with the locational influences, are
considered the "fundamental factors" that affect housing price. These features
are the most influential housing price determinants and are therefore
incorporated in my study.
To determine the accessibility impact on housing price, the accessibility
measures are incorporated into the regression analysis as independent
variables. The accessibility measure used in model 1 is the distance from each
housing unit to Boston CBD. For model 2, the measure is the distances from the
housing unit to each of the identified subcenters. Model 3 incorporates the
distance to the closest subcenters. Model 4 uses the "refined employment
accessibility measures" by automobile and by public transit as the accessibility
independent variables. Model 5 includes both distance-to-subcenter and the 2
refined accessibility measures used in model 4 as the accessibility independent
variables. These accessibility measures are discussed in section 3.3 and section
3.4.
The physical attributes that are used in my research include number of
bathrooms, size of living area, and lot size. For community characteristics, I
incorporated medium household income, percentage of residents having 4-year
college degree, crime rate, and MEAP (Massachusetts Educational Assessment
Program) test score. Their expected impacts on the housing price (Miller, 1982)
are listed in Table 3.1:
Table 3.1 Housing Price Determinant
3.2.2
Housing Price Determinant Impact on Housing Price
Accessibility
Distance to CBD Ne gative
Distance to Subcenter Negative
Employment Accessibility by Auto Positive
Employment Accessibility by Transit Positive
Physical Attributes of the House
Number of Bathroom Positive
Living Area Positive
Lot Size Positive
Community Characteristics
Median Household Income Positive
Percentage of College Graduate Positive
Crime Rate Negative
School Quality ( MEAP Score) Positive
3.2.3 Data
To estimate the coefficients of the independent variables, housing values and
housing price determinant attributes data must be collected and entered into the
regression analysis. For housing price and house attributes, data from Banker
and Tradesman, a real estate data company in Boston, were used. For
community characteristics, data from the 1990 Census STF3A file and data from
the World Wide Web (WWW) maintained by state government of Massachusetts
were used. The details of the data are described below.
1. Housing Price and Attribute Data
Data Source
For housing price and housing attributes, 2 sources of data are possible. First,
Assessor's Office of each town maintains detailed assessed housing price and
housing attributes of each house in the town. However, the housing price in the
assessor's file is estimated, rather than the actual market price.
The second source for housing value is past housing transaction data. This type
of housing transaction data is usually maintained in the private sector (such as
real estate agencies) and does contain the housing market price. However,
housing attributes, such as the square footage of the house, may not be included
in the housing transaction data.
Based on the shortcomings of both record types, and the demand for detailed
housing price data containing transaction price as well as housing attributes,
there have been efforts by private companies to combine housing transaction
data with assessor's file to come up with a complete housing price database. The
housing price and attribute data used in this research are from the combined
data "Banker and Tradesman 1990 Annual COMPReport and SALESReport" for
Suffolk County and Middlesex County of Massachusetts, published by Banker
and Tradesman Real Estate Data Publishing.
Selection and Distribution of Housina Transaction Data
A selection of 1064 transaction data from Boston Metropolitan Area was entered
into the hedonic regression analysis. This data are from the year 1990, and
consisted of single family houses only.
The real estate market in the year 1990 was characterized by the large number
of foreclosures and auctions. More than 10% of all real estate transaction in 1990
were auctions (Banker and Tradesman, 1990). The auction price is usually much
lower than regular market price, and should be omitted in the regression
analysis. Fortunately, the data provided by Banker and Tradesman include the
names of sellers and buyers. By eliminating the transaction data with financial
agencies as the seller, the remaining of the data should consist of transactions
under normal market condition.
Because of the limitation of data availability, the data were randomly selected
from only 16 different towns and cities, including Boston, Cambridge, Somerville,
Belmont, Arlington, Bedford, Newton, Weston, Framingham, Lexington, Maiden,
Wakefield, Woburn, Natick, Sudbury, and Waltham. These towns and cities cut
across a range of towns from the CBD of Boston to Bedford and Framingham on
the first circumferential highway ring. Ideally, to have a comprehensive coverage
of the study area of Boston MSA, cities from the first circumferential highway to
the outer circumferential highway, and to the edge of Boston Metropolitan Area
should also be included. Unfortunately, the data provided by Banker and
Tradesman do not contain housing attributes data for towns outside of the first
circumferential highway. However, the data on the 16 cities do contain a wide
range of locations, housing features, and community characteristics, and
therefore the regression results should be meaningful.
2. Community Characteristicscommunity Characteristics were
collected from 3 different sources, representing 3 different aggregation
levels: TAZ level, block group level, and town level. They are explained
below:
TAZ Level
The refined accessibility measures for both automobile and public transit used in
model 4 and model 5 were calculated on the TAZ zone level as described in
section 3.4. Each of the TAZ zones is composed of 1 or more block group zones.
Block Group Level
Figure 3.1 Location of Housing Transaction Cases
.I
0
Towns
Locations
CBD
0 2 4 6 Miles
The community medium household income and the percentage of residents
having 4 year college degree used in the regression analysis were collected at
block group level from the 1990 US Census STF3A data.
These data are considered better than the town level data described in the next
paragraph for the purpose of housing price modeling, because they represent the
immediate neighborhood characteristics of the house. Towns are many times
larger than block groups and therefore may have areas with significant variation
in characteristics. Block group level data should therefore have more consistent
influence on housing price.
Town Level
Due to the data availability, several important housing price determinants could
only be gathered at the town level. As mentioned in previous paragraph, these
data represent an aggregated average across the whole town. Significant
variation across the town may exist, and therefore the impact of the town level
data on housing price may not be as consistent as the TAZ level data and the
block group level data.
The town level data that were incorporated in this research include the crime rate
and the MEAP scores (school quality). These data were collected from the
World Wide Web server maintained by the state government of Massachusetts.
3.2.4 Procedure for Hedonic Analysis
The step by step procedure for the housing price model development is
presented in this section. The procedure can be classified in the following 3
major steps: 1. Data Collection and Data Entry, 2. Geo-Coding and Spatial
Manipulation, and 3. Regression Analysis. These procedures are discussed in
details below, and are illustrated in Figure 3.3.
1. Data Collection and Data Entry
As mentioned in section 3.2.3, the housing transaction data were taken from the
"Banker and Tradesman1 990 Annual COMPReport and SALESReport" for
Suffolk County and Middlesex County of Massachusetts. Sixteen towns and cities
that cover areas from Boston CBD to the first circumferential highway were
selected from the listing. Data of single family houses (Massachusetts Land Use
Code: 101) were randomly selected, after eliminating auction sales from the data
set. Data items "Town", "Address", "Price", "Number of Bedrooms", "Living Area",
and "Lot Size" were taken from the data set and entered into spreadsheet.
For community characteristics, block group level data were taken from the 1990
Census STF3A data file. Town level data were downloaded from the World Wide
Web page maintained by the Commonwealth of Massachusetts government.
These data were also entered into spreadsheet. The distance-to-subcenter and
accessibility scores calculated were also incorporated into spreadsheet for
further manipulation.
The descriptive statistics and the correlation table of the data are listed in
Appendix A and B.
2. Geo-Coding and Spatial Manipulation
After entering the housing data and community characteristics data into
spreadsheet, the next step was to assign the community characteristics data to
the housing transaction data. Unfortunately, the housing data provided by Banker
and Tradesman did not have the Census block group number. To match the
housing transaction data with community data, the geo-coding capability of the
Arc/Info GIS software was utilized to spatially overlay the housing transaction
data with block group "polygons".
Geo-coding is the process to enter spatial data onto geo-referenced base map
so that these spatial data can be spatially manipulated. The base map used in
this research was the town level TIGER map provided by MassGIS. The success
rate of geo-coding was 80.67%. Once geo-coded, the block group data can be
joined to the housing transaction data set.
The refined accessibility scores used in Model 4 and 5 were calculated on the
TAZ level. By overlaying housing data with TAZ GIS base map in Arc/Info, the
accessibility scores can therefore be joined to the housing transaction data set.
The distance-to-subcenter measures were calculated and joined with the housing
transaction data in Arc/Info as well. The calculation of the distance-to-subcenter
and the refined accessibility scores are discussed in section 3.3 and 3.4
respectively.
The town level community characteristics data were joined to the housing data
with the common field name "Town Name".
The expanded housing transaction data set, with housing price, housing
attributes, and accessibility measures, were then entered into the statistics
software SPSS for regression analysis.
3. Regression Analysis
Statistics Software SPSS was used in the regression analysis. Since the natural
log form of regression was used in this research, all housing data were
transformed by taking natural log. After the transformation, the linear regression
method was used to yield the coefficient for each of the independent variables.
The housing price model was thus completed after the parameters were
estimated.
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For each different model, different accessibility measure was selected as the
accessibility independent variables in the regression analysis in SPSS, with all
other independent variables remained intact. This allowed the comparison of the
prediction power of these different accessibility measures in housing price
modeling.
3.3 Distance-to-Subcenter Accessibility Measure
The derivation and calculation of the distance-to-CBD and the distance-to-
subcenter accessibility measures are discussed in this section. Section 3.3.1
focuses on the literature review and methodology of subcenter identification.
Section 3.3.2 presents procedure for subcenter identification. In section 3.3.3,
procedure for distance-to-subcenter calculation is discussed.
3.3.1 Identification of Subcenters
The identification of subcenters is critical to the success of the housing price
model. Earlier housing modeling often use "pre-defined" subcenters. In other
words, the researchers identified subcenters by choosing the well-known
employment centers outside of CBD. The choice of subcenters was somewhat
arbitrary. McDonald and McMillen (1985; McDonald and McMillen, 1990) studied
4 different empirical methods to identify subcenters in his 1985 paper. They
concluded that the "gross employment density" and the "employment-to-
population ratio" were the best measures to use to identify employment
subcenters. The employment subcenter were simply the "regional peaks" of
these calculated values.
This convention was followed by other researchers. For instance, Sivitanidou
(1995) used the "gross employment density" measures to identify employment
subcenters in Los Angeles area.
In this research, I explored both the "gross employment density" and the
"employment-to-population ratio" in identifying employment subcenters in Boston
Metropolitan Area. A major difference between this research and McDonald's
research is that the data aggregation level of this research is "lower" than that of
McDonald's research: Transportation Analysis Zone (TAZ) level in this research
(787 zones in Boston Metropolitan Area) vs. CATS zone level in McDonald's
research (44 in Chicago Metropolitan Area). The lower aggregation level allowed
a more precise identification of the exact location of the employment subcenter in
this research.
The preliminary results of the 2 methods revealed that the "gross employment
density" method is superior to the "employment-to-population ratio" method in
identifying employment subcenters at the TAZ aggregation level. The
inappropriateness of the "employment-to-population ratio" can be demonstrated
by the case of Boston's Logan Airport. Logan Airport is located 2 miles (straight
line distance) East of Boston CBD. In the "employment-to-population ratio"
calculation, Logan Airport generated a very large ratio due to the fact that there
are many employees but few residents in the TAZ zone covering Logan Airport.
However, whether Logan Airport can be considered as an employment subcenter
is questionable. In the "gross employment density" calculation, Logan Airport
generated a low density, and thus was excluded from the selection of subcenters.
As the aforementioned example demonstrates, the "gross employment density"
tends to be a better subcenter identification criteria for this study and was
therefore chosen to be adopted. However, the methodology used by McDonald
could only be loosely followed in this research. Due to the fact that the
aggregation level in this research was much lower than the aggregation level in
McDonald's study, the subcenters could not be identified simply by comparing
the zone density with adjacent zones as in McDonald's research. If McDonald's
methodology was followed at exact, there would be several employment
subcenters in Boston CBD alone, as there are dozens of TAZ zones in Boston
CBD, and their employment density various.
Fortunately, with the help of the display capability of GIS, the spatial relationship
between these zones could be visualized, and thus the subcenters could be
identified with relative ease by selecting the "regional peaks". In other words, they
could be identified by selecting the TAZ zones with the highest employment
density within a cluster of high density zones. The added benefit of using the
lower aggregation level data, as mentioned earlier, was that the exact locations
of subcenters could be more precisely identified.
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Procedures for Calculating Distance-to-Subcenter
In earlier studies, the distance-to-subcenter calculation was usually obtained
from a direct measurement from the location of the house to the employment
subcenters with a ruler on paper map. The procedure is tedious and time
consuming, especially for a large number of housing transaction data. With the
advance of computing technology and Geographic Information System, the
distance-to-subcenter can now be calculated precisely with a few GIS
commands. Two different measures of distance-to-subcenter were used in this
research: distance-to-specific-subcenter as used in model 2 and model 5, and
distance-to-the-closest-subcenter as used in model 3. Their calculations are
discussed as follows.
Specific Subcenters
With the subcenters identified in section 3.3.1, the TAZ zones that were
considered as subcenters were selected out from other TAZ zones. The
geometric centers of the subcenters were figured out by GIS software Arc/Info,
and were considered as the exact points of the subcenters. Arc/Info point
coverage of these center points were created thereafter.
To calculate the distance-to-subcenter, the distances between each housing unit
and each of the subcenters were calculated. The distances were later joined with
other housing and community attributes. The joined data set was entered into the
statistics software SPSS for hedonic regression analysis.
Closest Subcenters
To calculate the distance-to-the-closest-subcenter, the distance-to-the-specific-
subcenter data were entered and sorted in MS Excel in descending order for
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each transaction case. To expedite the process, a macro was created to sort the
data.
3.4 Refined Employment Accessibility Measure
The refined employment accessibility measure, the calculation of the measure,
and the data source for the calculation are discussed below in section 3.4.1,
section 3.4.2, and section 3.4.3.
3.4.1 Refined Employment Accessibility Measure with
Two Different Transportation Modes
The following equation depicts the refined employment accessibility measure with
2 different transportation modes: auto and transit. This model was used in the
hedonic housing regression analysis.
auto EjOjf( C auto)O fCi;"*)... (2.6)
Ek [ atk Lk f( Ckjau*) + ( 1 - k ) Lk f( Ck tran
r~(, tran)
A tran = 
... (2.7)
k [ ak Lk f( Ckj auto + ( 1 -k) Lk f( Ckjran
where
A a* = Accessibility by automobile for zone i
Aifan = Accessibility by transit for zone i
f(Cij auto) = The impedance function measuring the spatial
separation by automobile from zone i to zone j
f(Cij tran) = The impedance function measuring the spatial
separation by public transit from zone i to zone j
Ctk = Automobile ownership of zone k
The detailed derivation was presented in section 2.2.
3.4.2 Data Source
The Boston Metropolitan Area was used for this research. With a population of
over 4 million, the metropolitan covers roughly 1400 square miles of area. The
aggregation level for the refined accessibility measure in the study is the TAZ
zones. For the year 1990, there were 787 zones in Boston Metropolitan Area.
The data for employment accessibility calculation were obtained from 4 sources:
1. Origin-Destination Matrix of TAZ
The Origin-Destination (0-D) Matrix data for 1990 Boston Metropolitan Area were
obtained from the Central Transportation Planning Staff (CTPS). Based on the
787 TAZ zones of Boston Metropolitan Area, these data contain the travel time
between zones during the peak-hours. The data were used to calculate the travel
impedance of accessibility on both the demand side and the supply side. Because
of the two different modes of transportation considered in the accessibility
measure, two sets of data were obtained, the transit O-D matrix and the
automobile O-D matrix.
2. Demographic and Socio-economic Data
Demographic and socio-economic data were obtained form the 1990 Census
Data File STF3A. The TAZ zones used by CTPS were actually aggregated from
Census block groups. For the demand side of the accessibility measure, the
number of people in the labor force was obtained from the category "Workers by
Residential Location" at block group level. These data were then aggregated into
TAZ zones and incorporated into the calculation of accessibility.
To calculate the number of workers who took public transit and the number of
workers who drove to work, automobile ownership was used to estimate the
numbers from the total number of people in the labor force. For simplicity, it was
assumed that for those who own 1 or more cars, they would dive to work. On the
other hand, people who did not won any cars were assumed to take public transit
to work.
3. Employment by Job Location Data
The employment by job location data for 1990 were needed for the calculation of
the supply side of employment accessibility. The data were essentially the same
as the data used in the employment density calculation for subcenter
identification discussed earlier. These data were generated by the United States
Census Bureau from the Journey-to-Work compilation packages, and were
aggregated at the TAZ level.
4. GIS maps and dataset
Several GIS maps and data set were obtained from MassGIS. MassGIS is an
agency responsible for Massachusetts' state-wide GIS data. These maps and
data were used for employment and housing data manipulation, aggregation level
conversion, and spatial data plotting.
3.4.3 Procedure for Employment Accessibility Calculation
The procedure for employment accessibility calculation can be classified in the
following 2 major steps: 1. Data collection, conversion, and manipulation, and 2.
Calculation of the employment accessibility. The procedure is discussed in details
below. Figure 3.7 shows the flow chart for the procedure.
1. Data Collection, conversion, and manipulation
As indicated in section 2.1.2, data from many different sources were used in the
computation of employment accessibility. After gathering data, the next step was
to convert the data into a format that can be incorporated into the accessibility
calculation. The conversion and manipulation include aggregation level
conversion, file format conversion, and redundant character elimination, etc..
2 Employment Accessibility Computation
To calculate the employment accessibility, a C program was written to handle the
task. The program took employment location data, labor force data, travel time by
public transit, travel time by automobile, and automobile ownership data into the
calculation. The program generated 2 sets of data, employment accessibility by
automobile and employment accessibility by public transit. These 2 accessibility
data were later incorporated into the regression analysis of housing price model
described in section 2.2.4.
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Results of Hedonic Housing Price Model
Empirical results and their interpretations are presented in this chapter. Five
housing models are analyzed in this research. The results and of Model 1, 2, 3,
4, and 5 are presented and discussed in section 4.1, 4.2, 4.3, 4.4, and 4.5
respectively.
All housing price determinants are exactly the same in the 5 models, except for
the accessibility measures, which are summarized in Table 4.1.
Table 4.1 Accessibility Measures in the 5 Models
Model Accessibility Measures
Model 1 Distance-to-CBD
Model 2 Distance-to-CBDDistance-to-Subcenter
Model 3 Distance-to-CBDDistance-to-the-Closest-Subcenter
Model 4 Refined Accessibility Measure
Distance-to-CBD
Model 5 Distance-to-Subcenter
Refined Accessibility Measure
4.1 Model 1 - Monocentric Model
Model 1 is the monocentric case. In this model, Boston is regarded as a
monocentric city in which the CBD is considered as the only employment center
in the Boston Metropolitan Area. The purpose of this model is to see how the
traditional monocentric model performs in predicting housing price in the 1990
Boston MSA. The model will be compared with other models with possibly better
accessibility measure.
4.1.1 Description of the Result
The regression method used is the log-log forms of dependent variable and
independent variables. The dependent variable in the analysis is the natural
logarithm of price, meanwhile the independent variables include the logarithms
of: the distance from the housing unit to CBD, the number of bathroom, square
footage of living area, square footage of lot size, medium household income in
the block group, percentage of college graduate in the block group, the crime
rate of the town, and the MEAP scores of the town. The results of the regression
analysis are listed in Table 4.2.
With the estimated coefficients, the housing price equation can be obtained as
follows:
In Price = 0.3736 + 0.2371 In (Number of Bathrooms) + 0.2727 In (Living Area) +
0.1307 In (Lot Size) + 0.1475 In (Household Income) + ......
By taking exponential on both side of the equation, we can convert the housing
price equation to:
P = e 0.7 (Number of Bathrooms) 0.2371 (Living Area) 0.2727 (Lot Size)o. 307.
Table 4.2 Regression Result of Model 1
Model 1
Unstandardized Standardized
Coefficients Coefficients
B Std. Error Beta t Sig.
(Constant) .3736 1.4567 .2564 .7977
In ( Number of Bathrooms) .2371 .0217 .2280 10.9301 .0000
In ( Living Area) .2727 .0235 .2516 11.5834 .0000
In (Lot Size ) .1307 .0140 .2833 9.3404 .0000
In (Household Income) .1475 .0284 .1359 5.1931 .0000
In ( % Higher Education) .1533 .0161 .2183 9.5064 .0000
In ( Crime Rate) .0102 .0169 .0165 .6031 .5466
In (MEAP) 1.1364 .1805 .2104 6.2947 .0000
In ( Distance to CBD) -.2457 .0183 -.3489 -13.4282 .0000
F = 393.56
Adjusted R-Square = 0.7471
Number of Cases = 1064 ( No Missing Cases)
Figure 4.1 Predicted Price vs. Observed Price in Model I
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With the converted equation, the impact of distance-to-CBD and other housing
and community attributes on housing price can easily be interpreted.
The scatter diagram of the predicted housing price versus the observed housing
price is shown in figure 4.1. The Average Percentage Error of the Housing Price
prediction of model 1 is shown in figure 4.2.
4.1.2 Interpretation and Analysis of the Results of Model I
Adjusted R2 serves as a good measure for the goodness of fit of the model. The
regression analysis yields an adjusted R2 of 0.7471, which can be interpreted as
that the multiple regression equation explains 74.71% of the variation in the log of
housing price.
The scatter diagram of figure 4.1 shows that the model performs better on lower
price range houses, as the points for lower priced houses are more concentrated
together. The higher priced house points are more scattered and generally under-
estimated. The average percentage error shows that the predicted housing price
for most towns are within +10% and -10% range. Predicted housing price in the
town of Bedford is particularly over-estimated in the 30+% range. For Sudbury
and Somerville, the predicted housing price is somewhat over-estimated. For
Cambridge and Weston, the predicted housing prices are somewhat under-
estimated.
From the results of this model, the estimated signs of distance-to-CBD, housing
attributes, and community characteristics generally match the expected impact
stated in chapter 3, except for the crime rate of the town. The impact of housing
price determinants on housing price are analyzed below.
Distance to CBD
As many early researches have found, the CBD price gradient does exist,
suggested by the result of Model 1. Because the distance is measured from the
housing unit to the CBD, the negative coefficient indicates that the further away
from the CBD (greater distance), the cheaper the housing price. This results re-
confirmed that people are willing to pay more to stay closer to the Central
Business District. Table 4.3 shows the percentage impact of distance-to-CBD on
housing price at 2 miles increment.
Table 4.3 The Percentage Impact of Distance-to-CBD
on Housing Price at 2 Miles Increment
Change in Distance % Decrease in
to CBD (Miles) Housing Price
2 to 4 -15.66%
4 to 6 -9.48%
6 to 8 -6.82%
8 to 10 -5.34%
10 to 12 -4.38%
12 to 14 -3.72%
14 to 16 -3.23%
16 to 18 -2.85%
18 to 20 -2.56%
20 to 22 -2.31%
22 to 24 -2.12%
24 to 26 -1.95%
26 to 28 -1.80%
28 to 30 -1.68%
Housing Attributes
Housing attributes incorporated in the regression analysis include number of
bathrooms, living area, and lot size. The regression results are as expected that
all of these attributes have strong positive impact on housing price. The t-
statistics of the coefficients indicate that the estimated coefficients are statistically
significant at 99.99% confidence level.
Table 4.4 shows the percentage impact of each additional bathroom on housing
price. The number of bathroom has enormous impact on housing price as the
table indicates. For example, an increase from 1 bathroom to 2 bathrooms will
increase the housing price by 17.86%. (The mean "number of bathroom" in the
regression analysis is 1.6)
Table 4.4 Percentage Impact on Housing Price
at Each Additional Bathroom
Change in Numbers % Increase inHousing Price
1 to 2 17.86%
2 to 3 10.09%
3 to 4 7.06%
4 to 5 5.43%
Similar impact on housing price is found in the case of living area and lot size.
Their impact on housing price quickly diminishes as the lot size increases. For
example, for lot size larger than 13,000 square feet (far below the high end of lot
size), an increase of 1,000 square feet will only increase the housing price by
0.97%. Table 4.5 shows the percentage impact of each 1,000 square feet
increase of lot size on housing price.
Percentage Impact on Housing Price at Each
1,000 Square Feet Increase of Lot Size
Change in Lot Size % Increase inHousing Price
1000 to 2000 9.48%
2000 to 3000 5.44%
3000 to 4000 3.83%
4000 to 5000 2.96%
5000 to 6000 2.41%
6000 to 7000 2.04%
7000 to 8000 1.76%
8000 to 9000 1.55%
9000 to 10000 1.39%
10000 to 11000 1.25%
11000 to 12000 1.14%
12000 to 13000 1.05%
13000 to 14000 0.97%
14000 to 15000 0.91%
15000 to 16000 0.85%
16000 to 17000 0.80%
17000 to 18000 0.75%
18000 to 19000 0.71%
19000 to 20000 0.67%
29000 to 30000 0.44%
39000 to 40000 0.33%
49000 to 50000 0.26%
59000 to 60000 0.22%
69000 to 70000 0.19%
79000 to 80000 0.16%
89000 to 90000 0.15%
99000 to 100000 0.13%
The model reveals that the size of living area has greater impact on housing
price. As the following figure indicates, an increase from 1,000 square feet to
2,000 square feet of the living area will lead to an 20.81% increase on housing
price. The same increase in lot size only raises the housing price by 9.48%. The
Table 4.5
data used in the regression reveal a far wider range of lot size variation (from 448
sq. ft. to 106,722 sq. ft., with mean of 13,561 sq. ft.) than the living area (from
550 sq. ft. to 5,803 sq. ft., with mean of 1,758 sq. ft.). Table 4.6 shows the
percentage impact of each 1,000 square feet addition of living area on housing
price.
Table 4.6 Percentage Impact on Housing Price at Each
1,000 Square Feet Increase of Living Area
Change in Living Area % Increase inHousing Price
1000 to 2000 20.81%
2000 to 3000 11.69%
3000 to 4000 8.16%
4000 to 5000 6.27%
5000 to 6000 5.10%
Many prior studies have found that housing attributes are very important and
consistent housing price determinants. In particular, Miller (1982) concluded that
the square footage of living area often explains over half of the total variation in
dwelling unit price. My research results confirm the importance and significance
of the impact of housing attributes on housing price.
Community Characteristics
At the block group level, community characteristics incorporated in this analysis
include the block group data of median household income and percentage of
residents with 4 year college degree. These variables are used as the measure
for neighborhood quality. At the town level, crime rate and MEAP exam scores
are also entered into the regression analysis. The results of block group level
characteristics are discussed below, followed by town level characteristics.
Block Group Analysis
The block group attributes are used as a measure for the socio-economic status
of the neighborhood. As expected, both the median income and the percentage of
college graduates have positive impact on housing price. Both estimations have
high t-statistics, 5.1931 and 9.5064 respectively. Table 4.7 and Table 4.8 show
the percentage impact on housing price, based on selected increment of median
household income and percentage of college degree holders.
The regression result confirms that housing price is influenced by the immediate
surrounding neighborhood. In general, the higher the socio-economic status of
the neighborhood, the higher the housing price. This result is consistent with prior
studies.
Table 4.7 Percentage Impact on Housing Price at Each $ 10,000
Increase in Median Household Income
Change in Median % Increase in
Household Income Housing Price
10000 to 20000 10.76%
20000 to 30000 6.16%
30000 to 40000 4.33%
40000 to 50000 3.35%
50000 to 60000 2.73%
60000 to 70000 2.30%
70000 to 80000 1.99%
80000 to 90000 1.75%
90000 to 100000 1.57%
100000 to 110000 1.42%
110000 to 120000 1.29%
120000 to 130000 1.19%
130000 to 140000 1.10%
140000 to 150000 1.02%
Table 4.8 Percentage Impact on Housing Price at Each 10% Increase
in the Percentage of Block Group Resident having College Degrees
Change in the Percentage % Increase in
of Degree Holders Housing Price
10% to 20% 11.21%
20% to 30% 6.41%
30% to 40% 4.51%
40% to 50% 3.48%
50% to 60% 2.83%
60% to 70% 2.39%
70% to 80% 2.07%
80% to 90% 1.82%
90% to 100% 1.63%
Town Level Analysis
Town level data entered in the regression analysis include the town crime rate
and the MEAP exam score, which are considered an indication for school quality.
Ideally, these data should be obtained in a lower aggregation level such as block
group. Unfortunately, these data are only available in the town level.
For MEAP score, the regression results show expected positive impact on
housing price with satisfactory t-statistic, 6.2947, which satisfied the 99%
confidence level criteria. This regression estimation indicates that school quality
have positive and significant impact on housing price. The improvement in school
quality is likely to lead to an increase in housing price in the area.
The town crime rate variable shows less promising regression results. The
regression generated a positive coefficient, as opposed to the negative coefficient
expected, and with low t-statistic, 0.6031, which does not reject the null
hypothesis at any reasonable confidence level. In other words, statistically the
crime rate hardly has any impact on housing price. The result is counter-intuitive
and against previous study.
Two possibilities may explain the discrepancy in the regression results of crime
rate. Firstly, the neighborhood characteristics can change dramatically across the
same town. There could be a significant variation in crime rate in a single town or
city. The low statistical influence of crime rate on housing price is possibly a
results of such variation.
The second possible reason for the unexpected regression outcomes may be a
result of the multi-collinearity. The correlation coefficients are quite high between
crime rate and several other variables, such as MEAP (-0.82), percentage of
college graduate (-0.46), median household income (-0.56), lot size (-0.56), and
distance to Boston CBD (-0.51). The high correlation coefficients suggest that the
impact of crime rate and MEAP on housing price may more or less coincide with
the impact of other price determinants that are highly correlated with crime rate.
Therefore the impact of crime rate alone on housing price may indeed be difficult
to estimated without a huge number of cases in the regression analysis.
To eliminate the problem of data aggregation, future researchers should try to
collect data down to lower aggregation level. For the crime rate, it is
recommended that detailed crime location data should be obtained from the
Police Department of each town. With the help of GIS software, these data can
be geo-coded onto base maps and overlaid with lower aggregation level maps,
such as the block group maps. These allows the crime rate to be calculated at
the block group level, which should be a more consistent price determinant than
the crime rate aggregated at the town level.
To deal with the multi-collinearity problem between crime rate and other highly
correlated variables, it is suggested that more data to be obtained. When the
independent variables are highly correlated, most of their variations is common to
both variables. The ordinary least square method used by the regression analysis
only uses the variation unique to the independent variables to come up with the
estimation. Thus the high correlation between independent variables leaves little
unique variation to use in making coefficient estimates. By increasing the sample
size, the variation unique to each independent variables increases, thus allowing
more information to use to calculate the coefficient estimates.
4.2 Model 2 - Polycentric Model
Model 2 is the polycentric case. In this model, in additional to the Boston CBD,
there are assumed to be several other employment subcenters that are believed
to offer a great number of employment opportunities in the metropolitan area. In
Heikkila et al's 1989 research, it was found that after incorporating the distance-
to-subcenter measures, the distance-to-CBD generated statistically insignificant
coefficient. This model will help find out whether the importance of CBD on
housing price is significant in the case of Boston.
4.2.1 Description of the Result
Similar to model 1, the regression method used is the log-log form of the
dependent variable and the independent variables. The dependent variable in the
analysis is exactly the same, except that the distance to 17 subcenters are added
as independent variable. The results of the regression analysis are listed in Table
4.9 and Table 4.10.
The scatter diagram of the predicted housing price versus the observed housing
price is shown in figure 4.3. The Average Percentage Error of the Housing Price
prediction of model 1 is shown in figure 4.4.
Table 4.9 Regression Result of Model 2A
Model 2A
F = 157.50
Adjusted R-Square = 0.7720
Number of Cases = 1064 ( NoMissing Cases)
SPSS rejected the following independent variables in the regression analysis
because serious multi-collinearity exists among these variables.
Table 4.10 Excluded Variables in Model 2A
Collinearity
Partial Statistics
Beta In t Sig. Correlation Tolerance
In (Distance Haverhill) -15.6508 -2.6916 .0072 -.0832 .0000
In ( Distance Andover) 29.6494 3.4028 .0007 .1050 .0000
Unstandardized Standardized
Coefficients Coefficients
B Std. Error Beta t Sig.
(Constant) -25.8406 13.0405 -1.9816 .0478
In ( Number of Bathrooms) .2154 .0208 .2072 10.3462 .0000
In ( Living Area) .3333 .0236 .3075 14.1380 .0000
In ( Lot Size ) .1549 .0138 .3360 11.2233 .0000
In ( Household Income) .1159 .0287 .1068 4.0324 .0001
In ( % Higher Education) .1324 .0178 .1885 7.4467 .0000
In ( Crime Rate) .0424 .0231 .0685 1.8379 .0664
In (MEAP) 1.1779 .2346 .2181 5.0200 .0000
In (Distance Boston CBD) -.2686 .0542 -.3814 -4.9551 .0000
In ( Distance Newton) .0069 .0290 .0099 .2379 .8120
In ( Distance Framingham) -.0273 .0391 -.0485 -.6978 .4855
In ( Distance Waltham) -.0623 .0165 -.0961 -3.7683 .0002
In ( Distance Lexington) -.1223 .0401 -.1664 -3.0480 .0024
In ( Distance Burlington) .0289 .0578 .0398 .4996 .6175
In ( Distance Quincy) -.1899 .3808 -.1984 -.4987 .6181
In ( Distance Braintree) .8103 .5722 .7907 1.4160 .1571
In ( Distance Woburn) .0166 .0634 .0257 .2615 .7938
In (Distance Brockton) -1.4637 .6598 -.8082 -2.2186 .0267
In ( Distance Milford) .6354 .3108 .4440 2.0442 .0412
In (Distance Lowell) 1.8965 .9197 1.0628 2.0622 .0394
In ( Distance Gloucester) 4.8067 2.9558 2.3333 1.6262 .1042
In ( Distance Salem) -.9255 1.3449 -.7724 -.6881 .4915
In (Distance Lynn ) -.5742 .5045 -.5921 -1.1382 .2553
In ( Distance Lawrence) -2.7644 1.8326 -1.5426 -1.5084 .1318
Figure 4.4 Average Percentage Error of Housing Price Prediction in Model 2A
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Figure 4.3 Predicted Price vs. Observed Price in Model 2A
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Interpretation and Analysis of the Results of Model 2A
The regression analysis yields an adjusted R2 of 0.7720, which can be interpreted
as that the multiple regression equation explains 77.20% of the variation in the
logarithms of housing price.
2
By comparing the adjusted R , we can see that this model does better in
predicting housing price than model 1, in which distance-to-CBD is the only
employment accessibility measure. There is a 2.49% increase in the explaining
power. This research result indicates that, similar to other major metropolitan
areas in the US, due to the polycentric trend of urban growth, a polycentric
housing price model performs better than the traditional monopoly model in the
case of Boston Metropolitan Area.
4.2.2
The scatter diagram shows similar pattern as in model 1. The average
percentage error figure, however, shows a significant improvement in prediction
power for the town of Bedford (percentage error dropped from +33% to +10.24%)
and somewhat improvement for the town of Sudbury. This indicates that by
incorporating distance to subcenters, the housing price prediction power for
towns further away from CBD improves.
However, the regression does show some troubling estimations. For example,
some of the distance-to-subcenters have significant and enormously large
positive impact on housing price. For example, Lowell has a +1.8965 coefficient
at 96.06% confidence level. On the other hand, the distance-to-Brockton has a
large negative coefficient, -1.4637, and is statistically significant at 97.33%
confidence level. The coefficient is 5.45 times larger than that of Boston CBD's in
this model.
The inconsistency is probably due to the result of multi-collinearity among the
distance-to-subcenter variables. Ideally, data from all over the Boston
Metropolitan Area should be included in the study to allow a wide variation in the
independent variables such as the distance-to-subcenters measure.
Unfortunately, due to the limitation of data availability, the data used in this
research only cover 16 towns around the city of Boston in Boston Metropolitan
Area, where there are over 150 towns and cities.
Due to this data limitation, there exist multi-collinearity problems, especially
among towns that are far away from the Boston CBD. This problem can be
illustrated by considering the towns of Haverhill and Lawrence. Both of these two
subcenters are located close to the northern border of the Boston MSA and are
about 30 to 40 miles away from the CBD. To these 2 subcenters, all the housing
data in the study are so far away that the distances to these 2 subcenters are
highly similar. Moreover, because of all the housing transaction data are so far
away, the statistically estimated coefficients are not meaningful as the Y-intercept
in the regression is estimated from data far away from the Y-axis (assuming Y-
axis is for the independent variable, the natural log of Housing Price). Therefore
the coefficients in this regression analysis should be interpreted with extra care.
To mitigate the regression problem, another model, model 2B, is established. In
model 2B, only the subcenters around the housing transaction points are selected
(based on visual observation) into the regression analysis, based on the
assumption that far away subcenters have relatively trivial impact on housing
price. The results of the model suggest the explanation power drops only slightly
compared with model 2A. Model 2B allows the elimination of the multi-collinearity
problem and thus the coefficients of the distance-to-subcenter variables can be
interpreted meaningfully. The results are showing in Table 4.11. The scatter
diagram and average percentage error map are shown in figure 4.5 and figure 4.6
respectively.
4.2.3 Interpretation and Analysis of the Results of Model 2B
The explaining power of model 2B can be judged from its adjusted R2, 0.7608.
It is dropped from 0.7720 in model 2A, a 1.45% drop. However, it is still higher
than the adjusted R2 in model 1, a 1.83% increase. The model is improved when
the distances to surrounding subcenters are added to the regression analysis.
Compared with model 1, the average percentage error diagram shows again that
the prediction power improved for the town of Bedford, though it is not as good as
model 2A. The scatter diagram shows similar pattern as in model I and model 2A
that the model prediction power is higher in the lower housing price range.
The coefficients of the housing attribute variables in model 2B show consistency
with the coefficients in model 1 and model 2A. The distance-to-CBD coefficients
are similar for the two models, -0.2457 in model 1 and -0.2242 in model 2B. By
Table 4.11 Regression Result of Model 2B
Model 2B
Standar
dized
Unstandardized Coefficie
Coefficients nts
B Std. Error Beta t Sig.
(Constant) 4.4150 1.7106 2.5809 .0100
In (Number of Bathrooms) .2227 .0212 .2142 10.5176 .0000
In (Living Area) .3012 .0235 .2778 12.8122 .0000
in (Lot Size ) .1489 .0139 .3229 10.6849 .0000
In (Household Income) .1261 .0289 .1161 4.3693 .0000
In (% Higher Education) .1354 .0170 .1928 7.9759 .0000
In (Crime Rate) -.0069 .0190 -.0112 -.3642 .7158
In (MEAP) .8056 .1922 .1492 4.1918 .0000
In ( Distance Boston CBD) -.2242 .0237 -.3183 -9.4653 .0000
In ( Distance Newton ) -.0499 .0180 -.0714 -2.7696 .0057
In ( Distance Framingham) -.0240 .0162 -.0427 -1.4811 .1389
In ( Distance Waltham) -.0621 .0157 -.0958 -3.9685 .0001
In ( Distance Lexington ) .0234 .0183 .0318 1.2739 .2030
In ( Distance Woburn) -.0428 .0172 -.0664 -2.4959 .0127
F = 261.13
Adjusted R-Square = 0.7608
Number of Cases;= 1064 (No Missing Cases)
Figure 4.5 Predicted Price vs. Observed Price in Model 2B
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comparing the coefficient among the subcenters, it is found that even after
including the surround subcenters, the CBD remains the strongest influence on
housing price compared with subcenters, as suggested in Table 4.12. For
example, when moving away from the CBD from 2 miles away to 4 miles away,
the housing price drops 14.39%, compared with only 3.4% for the case of Newton
subcenter. Contrary to what Heikkila et al found in their research on the Los
Angeles residential housing market, this research shows that although there is a
general trend of decentralization, CBD remains the strongest influence on
housing price.
Table 4.12 The Percentage Impact of Distance-to-Subcenters
on Housing Price at 2 mile Increments
% Decrease in Housing Price
Change in
Distance
to Subcenters Boston CBD Newton Waltham Woburn
(Miles)
2 to 4 -14.39% -3.40% -4.21% -2.92%
4 to 6 -8.69% -2.00% -2.49% -1.72%
6 to 8 -6.25% -1.43% -1.77% -1.22%
8 to 10 -4.88% -1.11% -1.38% -0.95%
10 to 12 -4.01% -0.91% -1.13% -0.78%
12 to 14 -3.40% -0.77% -0.95% -0.66%
14 to 16 -2.95% -0.66% -0.83% -0.57%
16 to 18 -2.61% -0.59% -0.73% -0.50%
18 to 20 -2.33% -0.52% -0.65% -0.45%
20 to 22 -2.11% -0.47% -0.59% -0.41%
22 to 24 -1.93% -0.43% -0.54% -0.37%
24 to 26 -1.78% -0.40% -0.50% -0.34%
26 to 28 -1.65% -0.37% -0.46% -0.32%
28 to 30 -1.53% -0.34% -0.43% -0.29%
It is found that in the few subcenters selected, distances to Framingham and
Lexington do not have statistically significant impact on housing price. For
Newton, Waltham, and Woburn, the negative coefficients are statistically
significant, meaning that there exist price gradients from the subcenters. In other
words, the closer the house to these subcenters, the higher the housing price.
4.3 Model 3 - Polycentric Model, with Distance-to-the-closest-
subcenter as Accessibility Measure
Similar to model 2, model 3 uses distance-to-subcenter as the accessibility
measure. However, instead of using specific subcenters, the distance from each
house to the "closest" subcenter is calculated and incorporated into the regression
analysis. The distances to the 2nd closest, and 3rd closest subcenters are also
calculated and entered into the hedonic analysis. Instead of focusing on the impact
of specific subcenters on housing price, this model intends to look into the impact
of the few "closest" subcenters on housing price.
4.3.1 Description of the Result
Similar to model 2, the regression method used is the log-log forms of dependent
variables as well as independent variables. The results of the regression analysis
are listed in Table 4.13.
4.3.2 Interpretation and Analysis of the Results of Model 3
The regression analysis yields an adjusted R2 of 0.7495, which can be interpreted
as that the multiple regression equation explains 74.95% of the variation in the
natural logarithm of housing price.
By comparing the adjusted R2 with model 1 and model 2, we can see that this
distance-to-the-closest-subcenter model perform worse than the distance-to-
subcenter model (model 2), and only improved 0.32% in prediction power over
Regression Result of Model 3
Model 3
Standar
dized
Unstandardized Coefficie
Coefficients nts
B Std. Error Beta t Sig.
(Constant) 1.6518 1.6554 .9978 .3186
In ( Number of Bathrooms) .2320 .0216 .2232 10.7251 .0000
In ( Living Area) .2887 .0239 .2663 12.0782 .0000
In (Lot Size ) .1371 .0143 .2973 9.5628 .0000
In (Household Income) .1449 .0286 .1335 5.0704 .0000
In (% Higher Education) .1584 .0162 .2256 9.7616 .0000
In (Crime Rate) .0160 .0193 .0259 .8277 .4080
In (MEAP) 1.0794 .2089 .1999 5.1660 .0000
In (Distance Boston CBD) -.2553 .0210 -.3625 -12.1350 .0000
In (Distance to 1st Closest Subc -.0319 .0140 -.0494 -2.2817 .0227
In (Distance to 2nd Closest Sub ) .0148 .0282 .0150 .5245 .6000
In (Distance to 3rd Closest Subc) -.0614 .0390 -.0401 -1.5742 .1157
F = 290.13
Adjusted R-Square = 0.7495
Number of Cases = 1064 (No Missing Cases)
Figure 4.7 Predicted Price vs. Observed Price in Model 3
Table 4.13
Average Percentage Error of Housing Price Prediction in Model 3
Towns
Percentage Error
-20% to -10%
7771 -10%to+10%
O0
+10% to
+20% to
+30% to
+20%
+30%
+40%
CBD
0 2 4 6
Figure 4.8
Miles
the distance-to-CBD model (model 1). The estimated coefficients show that only
the distance to the 1st closest subcenter has significant impact on housing price.
The 2"d closest and the 3rd closest subcenters, on the other hand, do not have
statistically significant impact on housing price.
The distances to the 4th closest, 5t closest, and subsequent closest subcenters
were excluded from the regression analysis for 2 reasons. The correlation
coefficient analysis suggests that there exist high correlations between the further
away subcenters. For instance, the correlation coefficient between the 3rd
subcenter and the 4th subcenter was found to be 0.829, and the correlation
coefficient between the 4t and the 5t subcenters was found to be 0.737. Base on
the assumption that further away subcenters have relatively trivial impacts on
housing price, these subcenters were excluded from the regression analysis.
The result indicates that only the distance to the 1st closest subcenter has impact
on housing price. In other word, the closer the house to the closest subcenter,
the higher the housing price. Whether the house is close to the 2nd or the 3rd
closest subcenters has statistically insignificant impact.
The function served by the CBD and by the subcenters are fundamentally
different. The CBD provides many unique services and opportunities that are not
found in subcenters. For example, the national level ball games, the world class
concerts, or the majority of the Boston branches of multinational corporations,
etc., are found only in the CBD. On the other hand, the services and opportunities
provided by different subcenters are likely to be very similar. Thus, meanwhile the
distance to the closest subcenter has significant and important impact on housing
nd rdprice, the distance to the 2", the 3 , and the subsequent closest subcenters may
tend to be irrelevant on housing price. The services and opportunities provided in
the 2"d, 3 d, and subsequent closest subcenters are likely to be found in the
closest subcenter.
The regression result of model 3 suggests that, meanwhile the subcenters cannot
replace the role of CBD, the subcenters are able substitute each other.
4.4 Model 4 - Refined Accessibility Measure
In model 4, the distance-to-CBD and the distance-to-subcenters variables are
replaced by the Refined Accessibility Measure discussed in section 2. With the
development of this model, it is expected that the true impact of employment
accessibility on housing price can be obtained and analyzed. it is also expected
that the impact of employment accessibility by automobile and by public transit
can be estimated and studied.
4.4.1 Description of the Result
In model 4, all the housing attributes and community characteristics are retained
in the multiple regression, and therefore the impact of the Refined Accessibility
Measure on housing price can be observed. The results of the regression
analysis are listed in Table 4.14.
4.4.2 Interpretation and Analysis of the Results of Model 4
The regression analysis yields an adjusted R2 of 0.7570, which can be interpreted
as that the multiple regression equation explains 75.70% of the variation in the
natural log of housing price.
By comparing the adjusted R2 of model 2 and model 4, we can see that this
model performs equally well as model 2B, but not as good as model 2A. Model
2A, in which all the distance-to-subcenters are included in the regression
analysis, is about 1.98% better in explanation power.
Table 4.14 Regression Result of Model 4
Model 4
F = 368.97
Adjusted R-Square = 0.7570
Number of Cases = 1064 ( No
Figure 4.9
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Predicted Price vs. Observed Price in Model 4
$0 $200,000 $400,000 $600,000 $800,000 $1,000,000 $1,200,000$0 Observed Price
Unstandardized Standardized
Coefficients Coefficients
B Std. Error Beta t Sig.
(Constant) 6.5607 1.4365 4.5671 .0000
In (Number of Bathrooms) .2394 .0212 .2302 11.2892 .0000
In (Living Area) .3160 .0228 .2915 13.8766 .0000
In (Lot Size ) .1192 .0131 .2585 9.0845 .0000
In (Household Income) .1303 .0284 .1201 4.5904 .0000
In ( % Higher Education) .1351 .0161 .1924 8.3694 .0000
In (Crime Rate) -.0090 .0168 -.0146 -.5357 .5923
In (MEAP) .0668 .1764 .0124 .3785 .7051
In (Auto Accessibility) .6207 .0410 .2993 15.1233 .0000
In ( Transit ccessibility) -.0157 .0074 -.0403 -2.1053 .0355
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Figure 4.10 Average Percentage Error of Housing Price Prediction in Model 4
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This result does suggest that distance-to-subcenters performs slightly better in
predicting housing price, by comparing the adjusted R 2. However, as discussed in
chapter 2, the distance-to-subcenter should not be interpreted as the measure for
employment accessibility. Thus the result of model 4 should be interpreted as the
true impact of employment accessibility on housing price.
The average error percentage map shows that comparing with model 3, the
prediction power for housing price in the town of Woburn and Maiden dropped
slightly, meanwhile the prediction power for Bedford improved slightly. A
comparison with model 2B suggests that the prediction power for Bedford in
model 2B and 4 are similar. For the town of Woburn and Maiden, model 4 again
shows worsen prediction power. However, there seem to be not much difference
in prediction power for other towns. The general pattern remains similar.
Due to the complexity of the Refined Accessibility Measure, unfortunately the
coefficients of the employment accessibility are difficult to conceive and to be
interpreted. However, the signs of the coefficients, the t-statistics, and the relative
magnitudes of the two accessibility scores by the 2 different transportation modes
show some interesting results.
First of all, the sign of the coefficient of automobile accessibility does show the
expected positive sign. However, the transit accessibility yields a slightly negative
coefficient, at only about 1/40 of the magnitude of automobile accessibility in
absolute value. Both of the 2 coefficients are statistically significant at 95%
confidence level. This indicates that meanwhile employment accessibility by
automobile has great impact on housing price, the transit accessibility tends to
have slight negative, if not zero, impact on housing price.
It is speculated that the slightly negative impact of transit accessibility may be
resulted from a few factors. First, the automobile ownership in the United States
is among the highest in the world, and the majority of United States people own
cars and choose to drive to work. To the majority US people, whether there exist
good public transit does not matter in purchasing a housing unit. Thus it is
reasonable that the transit accessibility shows a near 0 impact on housing price.
On the other hand, since most people choose to drive to work, the automobile
accessibility is therefore a significant factor on house purchasing decision, which
is reflected in the housing price.
It is also possible that public transit often associates with the image of serving
poor people and poor communities. Many people also regard the public transit as
an invasion of privacy to their secluded communities. In a survey conducted by
Los Angeles Times in 1994, when Southern Foothills residents were asked about
the most desired features about housing choice, "remote area" was picked with
the highest percentage (Giuliano, 1995). Even though the accessibility provided
by the transit services may raise the housing price, the notion of being close to
public transit may actually bring down the housing price.
The above explanations are purely speculative. It is suggested that further
studies to be carried out to investigate the relationship between employment
accessibility by transit and housing price. A survey of people's attitude toward
public transit in Boston MSA can serve as a good start. The survey should cover
a wide range of areas in the metropolitan region to include samples from a wide
range of transit accessibility.
4.5 Model 5 - Distance-to-Subcenters and
Refined Accessibility Measure
In model 5, the distance-to-CBD and the distance-to-subcenter variables are both
included in the regression analysis, along with the Refined Accessibility Measure.
As earlier discussion in chapter 2, the use of distance-to-subcenters as the proxy
of employment accessibility may be inappropriate. Firstly there are many
employment opportunities not accounted for in these subcenters. Secondly, the
influence of other amenities provided by these subcenters on housing price are
also embedded in the distance-to-subcenters measure. The development of
model 4 allows a better proxy of employment accessibility to be incorporated into
the regression analysis and to be analyzed.
In model 5, it is intended to dissociate the employment accessibility from the
distance-to-subcenter measure to capture the impact of the proximity to amenities
and services provided by these subcenters. In other words, by including the
Refined Accessibility Measure into the regression analysis, it can be determined if
these subcenters still have impact on housing price.
4.5.1 Description of the Result
In model 5, all the housing attributes and community characteristics are retained
as before, thus the impact of distance-to-subcenters and the Refined Accessibility
Measures can be analyzed and compared. The results are listed as in Table 4.15
and Table 4.16. The scatter plot of the predicted housing price versus observed
housing price is shown in Figure 4.11. The average percentage error is shown in
Figure 4.12.
Table 4.15 Regression Result of Model 5A
Model 5A
Unstandardized Standardized
Coefficients Coefficients
B Std. Error Beta t Sig.
(Constant) -16.9132 12.9701 -1.3040 .1925
In ( Number of Bathrooms) .2146 .0205 .2064 10.4507 .0000
In ( Living Area) .3336 .0233 .3077 14.3116 .0000
In ( Lot Size ) .1552 .0136 .3365 11.3775 .0000
In ( Household Income) .1073 .0285 .0988 3.7676 .0002
In ( % Higher Education) .1301 .0176 .1853 7.3732 .0000
In ( Crime Rate) .0216 .0241 .0350 .8991 .3688
In (MEAP) .7581 .2454 .1404 3.0894 .0021
In ( Auto Accessibility) .4752 .0881 .2292 5.3910 .0000
In ( Transit Accessibility) -.0095 .0082 -.0244 -1.1527 .2493
In ( Distance Boston CBD) -.0510 .0696 -.0725 -.7335 .4634
In ( Distance Newton) .0014 .0287 .0020 .0475 .9621
In ( Distance Framingham) -.0350 .0390 -.0623 -.8982 .3693
In ( Distance Waltham) -.0159 .0184 -.0244 -.8600 .3900
In ( Distance Lexington) -.0850 .0402 -.1156 -2.1144 .0347
In ( Distance Burlington) -.0130 .0576 -.0179 -.2253 .8218
In ( Distance Quincy) .0465 .3810 .0486 .1221 .9028
In ( Distance Braintree) .4374 .5702 .4268 .7671 .4432
In ( Distance Woburn) .0475 .0628 .0736 .7562 .4497
In ( Distance Brockton) -.9380 .6579 -.5179 -1.4258 .1542
In ( Distance Milford) .5717 .3074 .3995 1.8598 .0632
In ( Distance Lowell) 1.3709 .9118 .7683 1.5035 .1330
In (Distance Gloucester) 2.2823 2.9528 1.1079 .7729 .4397
In ( Distance Salem) .1136 1.3407 .0948 .0847 .9325
In (Distance Lynn ) -.7232 .4983 -.7458 -1.4515 .1470
In (Distance Lawrence) -1.5797 1.8214 -.8815 -.8673 .3860
F = 150.24
Adjusted R-Square = 0.7783
Number of Cases = 1064 ( No Missing Cases)
Due to the problem of multi-collinearity, SPSS excludes the following independent
variables from the regression analysis.
Table 4.16 Excluded Variables in Model 5A
Collinearity
Partial Statistics
Beta In t Sig. Correlation Tolerance
In ( Distance Haverhill) -12.1785 -2.0982 .0361 -.0650 .0000
In ( Distance Andover) 26.6903 3.0864 .0021 .0954 .0000
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Figure 4.11 Predicted Price vs. Observed Price in Model 5A
4.5.2 Interpretation and Analysis of the Results of Model 5A
The regression analysis yields an adjusted R2 of 0.7783, which can be interpreted
as that the multiple regression equation explains 77.83% of the variation in the
natural log of housing price.
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By comparing the adjusted R , we can see that this model performs best in
predicting housing price, though only slightly. Compared with model 2A, in which
the only difference is the missing of the Refined Accessibility Measure, model 5A
improved slightly, a modest 0.82%. The explanation power of model 5A is also
better than that of model 4, improved by 2.81%.
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It can be concluded from the comparison of the 3 models that, the addition of the
Refined Accessibility Measure improves slightly the "overall" prediction power of
the regression analysis based on the distance-to-subcenter measures.
It may appear that for the sole purpose of predicting and housing price, it would
be wise to simply incorporate the distance-to-subcenter measures into the
regression analysis to avoid the complexity involved in the employment
accessibility calculation. However, the adjusted R2 does not tell the story of
whether the prediction power is consistent spatially, thus the importance of
incorporating employment accessibility into the hedonic analysis should not be
overlooked.
For instance, a comparison of the percentage error diagrams of model 2A and
model 2B shows that after incorporating the employment accessibility measure
into the hedonic regression analysis, the prediction power for the town of Bedford
and Weston improved, and the prediction errors are more "even" spatially. The
figures show that in model 4A, all but 2 towns have average percentage errors
falling within the range of +10% and -10%, meanwhile there are 4 towns out of
this range in model 2A.
For the same multi-collinearity problems as in model 2A, many of the coefficients
of the distance-to-subcenters are not interpretable. Follow the same approach as
model 2B, model 5B is developed to incorporate only the surround subcenters
into the regression analysis. The purpose of model 5B is to allow a meaningful
comparison of the coefficients of the distance-to-subcenters. The results of model
5B is presented in Table 4.17.
Table 4.17 Regression Result of Model 5B
Model 5B
Unstandardized Standardized
Coefficients Coefficients
B Std. Error Beta t Sig.
(Constant) 5.5900 1.7086 3.2717 .0011
In (Number of Bathrooms ) .2245 .0209 .2159 10.7211 .0000
In (Living Area ) .3028 .0234 .2793 12.9111 .0000
In ( Lot Size ) .1500 .0138 .3253 10.8654 .0000
In ( Household Income ) .1166 .0287 .1074 4.0626 .0001
In (% Higher Education ) .1268 .0171 .1805 7.4002 .0000
In (Crime Rate) -. 0198 .0203 -.0321 -.9761 .3293
In (MEAP ) .4833 .2117 .0895 2.2837 .0226
In (Auto Accessibility ) .3400 .0768 .1640 4.4259 .0000
In (Transit Accessibility ) -.0226 .0079 -.0582 -2.8528 .0044
In ( Distance Boston CBD ) -.1565 .0343 -.2222 -4.5629 .0000
In (Distance Newton ) -.0444 .0178 -. 0635 -2.4905 .0129
In ( Distance Framingham ) -.0231 .0174 -. 0410 -1.3265 .1850
In ( Distance Waltham ) -.0254 .0176 -. 0391 -1.4413 .1498
In (Distance Lexington ) .0238 .0185 .0324 1.2852 .1990
In ( Distance Woburn ) -.0189 .0182 -.0293 -1.0413 .2980
F = 233.97
Adjusted R-Square = 0.7668
Number of Cases = 1064 ( No Missing Cases )
Figure 4.11 Predicted Price vs. Observed Price in Model5B
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4.5.3 Interpretation and Analysis of the Results of Model 51
The adjusted R2 of model 5B again shows an improvement over model 2B by
0.79%. The trivial percentage again suggests that the inclusion of the Refined
Accessibility Measure improves slightly the "overall" prediction power much.
A comparison of the coefficients of the distance-to-subcenter variables reveals
some interesting observations. After dissociating the impact of employment
accessibility from the subcenters by incorporating the Refined Accessibility
Measure, it is found that the influence of CBD on housing price dropped
tremendously, from -0.2242 in model 2B to -0.1565 in model 5B. The coefficient
of distance-to-CBD is significant at 99% confidence level.
The scatter diagram and average percentage error figure are shown in figure 13
and figure 14 respectively.
The scatter diagram shows resembling distribution as in previous models. The
average error percentage map shows similar pattern as in model Sa, except for
the town of Bedford. Similar to model 2b, the average error percentage for
Bedford increases when distance to some subcenters are excluded from the
model. This may suggest that the housing price of Bedford is strongly influenced
by one of the excluded subcenter, possibly Burlington.
This result indicates that, as attractive as the employment opportunities offered in
CBD, the amenities and services offered in CBD also have great impact on
housing price. This result also confirms the earlier discussion that distance-to-
subcenters carries more meaning than simply employment accessibility.
The result shows fairly consistent coefficients for the distance-to-subcenter
variables for Newton in both model 2B and model 5B. Due to the fact that
employment accessibility has been accounted for by the Refined Accessibility
Measure, the consistency in the coefficients suggests that the existence of
housing price gradient in Newton subcenter is due largely to the services and
amenities offered in Newton.
The coefficients for the distance-to-subcenter variables for Lexington and
Framingham remain statistically insignificant as in model 2B.
For Waltham and Worburn, the confidence level of the coefficients of the
distance-to-subcenter dropped from higher than 98% to 85% and 70%
respectively. Thus it is statistically unclear whether the price gradients exist for
Waltham and Woburn, after incorporating the employment accessibility measure
in model 5B. This result can be interpreted as that after taking out of the
employment opportunities, whether Waltham and Woburn remain "attractive" is
statistically inconclusive. In other word, it is possible that the price gradients
observed in Waltham and Woburn are due mostly to their employment
opportunities.
5
Conclusion
5.1 Summary of Research Findings
The main purpose of this research is to investigate the impact of accessibility on
housing price in Boston Metropolitan Area. The major research findings are
summarized below:
1. Even though there is a continuing trend of decentralization, proximity to
Boston CBD continues to have enormous positive impact on housing price.
2. Boston MSA is a polycentric metropolitan area, where there exist many
subcenters that have statistically significant price gradients. Housing price
models with distance-to-subcenter measure perform much better in prediction
than housing models with traditional distance-to-CBD measure.
3. By incorporating only the surrounding subcenters of the housing units rather
than all subcenters in the metropolitan area, the housing price model still
performs fairly well, only a 1.45% drop in prediction power in this research, as
shown by comparing the results of model 2A and model 2B.
4. The closest subcenter does have significant and important impact on housing
price. However, the distances to the 2nd , the 3rd , and possibly the subsequent
closest subcenters do not have significant impact on housing price. This result
suggests that meanwhile the importance of CBD can not be replaced by
subcenters, the subcenters are possibly able to substitute each other for their
services and opportunities provided.
5. Meanwhile employment accessibility by automobile has positive and
significant impact on housing price, it is found that employment accessibility
by transit has negative but trivial impact on housing price.
6. The distance-to-subcenter measure performs slightly better than the Refined
Accessibility Measure in predicting housing price. However, these 2 variables
are not measuring the same thing. The distance-to-subcenter measure
embeds the impact of employment, services, and amenities of the subcenters
on housing price. The Refined Accessibility Measure, on the other hand,
considers the employment potential of the whole metropolitan area.
7. When incorporating both distance-to-subcenter and Refined Accessibility
Measure into hedonic regression analysis, the model performs best in
predicting housing price.
8. The amenities and services offered at CBD also have great positive impact on
housing price. After dissociating the employment accessibility from the
distance-to-CBD measure, the CBD price gradient still exists, though of lesser
impact on housing price. This price gradient is due to the services and
amenities offered in the CBD. This result also indicates that the distance-to-
subcenter may not be a good proxy for employment accessibility, as it also
includes the impact of the services and amenities in CBD.
9. Some subcenters show evidence of housing price gradients for their services
and amenities, meanwhile other subcenters do not have statistically significant
price gradients.
Recommendation for Future Research
This research explores the use of various accessibility measures in modeling
housing price. Some future researches are recommended as follows.
First, model 4 and 5 revealed that the transit accessibility has negative,
significant, and yet relatively trivial impact on housing price. This result should be
interpreted cautiously. It is speculated that the result may be contributed to the
fact that the majority of people drive to work, and the possible negative image
associated with public transit. However, it is suggested that further research to be
carried out to investigate the reasons. A survey of people's attitude toward public
transit across Boston Metropolitan Area could serve as a good indicator of how
public transit is desired in house purchasing decision. A study of housing price
changes before and after the improvement of transit services and accessibility
could also be a potentially insightful study.
Second, model 5 revealed that the Boston CBD and several subcenters have
important and significant housing price gradients after the employment
accessibility is accounted for. These price gradients are due largely to the
services and amenities provided by CBD and subcenters. It is recommended that
further research to be conducted to directly incorporate a measure of the level of
services and amenities provided by CBD and subcenters. It will provide insightful
comparison if the impact of services and amenities provided in the CBD and
subcenters can be directed estimated.
With the incorporation of the new Refined Employment Accessibility Measures
into the hedonic regression analysis, this research is able to shed light on several
research questions that were not answered in earlier researches.
5.2
Appendix A Descriptive Statistics
Unit Number Min Max Range Mean Std Dev
Price
Number of Bathrooms
Lot Size
Living Area
Household Income
% Higher Education
Crime Rate
MEAP
Auto Accessibility
Transit Accessibility
Distance Boston CBD
Distance Newton
Distance Framingham
Distance Waltham
Distance Lexington
Distance Burlington
Distance Quincy
Distance Braintree
Distrance Woburn
Distance Brockton
Distance Milford
Distance Lowell
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Distance Salem
Distance Lynn
Distance Haverhill
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Distance Lawrence
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Variables
42,000
1
448
550
11,829
1.56%
1.22%
4,710
0.9239
0.0033
7,107
2,140
735
990
1,846
6,835
17,139
24,408
1,480
63,298
53,208
44,444
109,126
41,592
24,206
92,332
51,267
71,784
735
7,735
1,157,500
4.5
106,722
5,803
150,001
93.65%
9.67%
5,910
2.2963
0.7795
116,510
87,442
129,127
74,726
88,404
101,317
135,106
134,835
120,256
176,173
186,783
157,244
248,945
179,963
157,638
207,499
162,894
175,253
49,619
66,571
1,115,500
3.5
106,274
5,253
138,172
92.09%
8.45%
1,200
1.3723
0.7762
109,403
85,302
128,392
73,736
88,558
94,482
117,967
110,427
118,776
112,875
133,576
112,800
139,819
138,371
133,432
115,167
111,628
103,470
48,884
58,836
216,192
1.60
13,561
1,758
53,564
41.06%
4.25%
5,302
1.3808
0.0719
51,686
43,753
69,874
38,519
49,467
53,146
78,296
82,766
60,660
123,218
123,366
107,912
172,188
104,685
82,929
153,486
109,351
127,073
20,315
33,074
116,952
0.69
15,346
749
20,369
19.61%
2.90%
397
0.2790
0.0875
27,290
19,509
31,453
17,198
20,008
23,468
28,594
27,760
28,475
25,637
31,735
23,189
34,043
33,718
32,798
29,019
28,571
27,103
10,355
12,730
Max Ranne Mean Std D
Appendix B Correlation Coefficient
Natural Log of
In (Number of Bathrooms)
In (Living Area)
In ( Lot Size )
In ( Household Income)
In (% Higher Education)
In (Crime Rate)
In ( MEAP)
In (Auto Accessibility)
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-0.10
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-0.16
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-0.14
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0.40
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-0.02
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-0.51
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-0.70
-0.57
-0.31
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-0.64
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-0.08
0.15
Natural Log of
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= =
1st
0.00
0.11
-0.10
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-0.11
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-0.09
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0.38
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2nd
-0.05
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0.02
-0.12
-0.07
0.15
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-0.46
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0.56
0.42
0.34
-0.41
0.54
0.69
0.52
3rd
0.06
0.17
0.09
0.03
0.13
0.16
0.03
-0.34
0.04
0.14
0.23
0.69
0.83
0.57
-0.04
-0.46
0.41
0.71
0.59
4th
0.04
0.14
0.25
0.09
0.08
0.10
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-0.51
-0.08
0.39
0.13
0.56
0.83
0.74
0.07
-0.60
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0.68
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5th
-0.04
0.06
0.26
0.04
-0.01
0.32
-0.07
-0.63
-0.12
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0.00
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-0.08
0.01
0.16
-0.15
-0.27
-0.17
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-0.12
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-0.05
-0.06
-0.38
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-0.28
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-0.64
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-0.31
-0.61
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-0.10
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-0.12
-0.21
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-0.13
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-0.14
0.41
0.03
Lexing.
-0.11
-0.03
-0.16
-0.23
-0.18
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-0.39
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-0.08
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0.71
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0,61
-0.12
-0.31
0.41
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0.08
0.13
0.12
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0.23
0.15
-0.09
-0.31
-0.02
0.15
0.19
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0.60
-0.36
-0.61
0.03
0.55
0.55
Appendix C Important Arc/info Commands
Geocoding/Address-Matching of Housing Transaction Data:
Arc: ADDRESSMATCH
This is the command use to geo-code the housing transaction data
onto GIS maps, using the address of the transaction data along with
the TIGER maps provided by MassGIS
Overlaying Housing Transaction Data with TAZ & Blockgroup zones:
Arc: IDENTITY
The command "Identity" is used to overlay the GIS geo-coded
housing transaction data coverage with the TAZ zone GIS coverage
and Blockgroup zone GIS coverage. This allows the zone code to
be assigned to each housing transaction data.
Subcenter Identification:
Under the INFO Module:
ENTER COMMAND > CALCULATE
This command was used to calculate the employment density by
dividing the number of jobs in each TAZ zone by the total area.
Calculating Distance-to-Subcenters:
Arc: CENTROIDLABELS
This command was used to put the label points of each subcenter
zones to the center of the zones. This allows the distance between
each housing transaction data to subcenters to be calculated to the
centroid points of the subcenter zones.
Arc: POINTDISTANCE
This command was used to calculate the distance between each
housing transaction data points and each of the subcenter center
points.
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